Abstract. Changes in corpus callosum (CC) size are typically quantified in clinical studies by measuring the CC cross-sectional area on a midsagittal plane. We propose an alternative measurement plane based on the role of the CC as a bottleneck structure in determining the rate of interhemispheric neural transmission. We designate this plane as the Minimum Corpus Callosum Area Plane (MCCAP), which captures the cross section of the CC that best represents an upper bound on interhemispheric transmission. Our MCCAP extraction method uses a nested optimization framework, segmenting the CC as it appears on each candidate plane, using registration-based segmentation. We demonstrate the robust convergence and high accuracy of our method for magnetic resonance images and present preliminary clinical results showing higher sensitivity to disease-induced atrophy.
Introduction
The corpus callosum (CC) is an anatomic structure that acts as a communication bridge connecting the two brain hemispheres [1] . Certain neurological diseases are known to affect the shape and size of the CC. In particular, there have been numerous studies correlating CC measurements to multiple sclerosis [2] , schizophrenia [3] , autism [4] , and many other mental and physical ailments. The accurate measurement of CC area changes is dependent on the repeatable identification of the cross-sectional plane of interest in all studied images. In previous studies, changes in CC size have been quantified by measuring its sagittal crosssectional area on a midsagittal plane (MSP).
MSP identification approaches can be classified as either symmetry-or featurebased. Symmetry-based approaches assume bilaterally symmetric hemispheres, with the MSP chosen to maximize this symmetry. Published approaches suggest different symmetry criteria; e.g., intensity ratios [5] , cross-correlation [6] , or edge-based [7] . In feature-based approaches, the MSP is defined as the plane best matching the cerebral interhemispheric fissure. The Hough transform [8] , orthogonal regression of B-spline snakes [9] , and minimization of white matter area (including the cerebellum) [10] , are examples of the feature-based approach.
It has been shown that even small errors in the MSP selection confound the interpretation of actual CC area changes due to pathology [11, 12] . Therefore, it may be clinically more meaningful to define the plane for CC atrophy measurement according to the characteristics of the CC itself rather than more global attributes such as brain symmetry or the interhemispheric fissure.
It is known that the cross-sectional area of the CC is proportional to the number of nerve fibers passing through it [1] , and correlates with neural transmission [13, 14, 15, 16] . Therefore, in this paper, we propose adopting the minimum CC cross-sectional area as the primary factor in defining the bottleneck (upper bound) of interhemispheric communication and hypothesize that the minimum CC cross-sectional area is a potentially more representative measure of CC degeneration as compared to areas of other cross sections.
We emphasize that we are proposing a new plane for the measurement of CC atrophy, and not a new criterion for MSP extraction. We refer to this plane as the Minimum CC Area Plane (MCCAP). We note that multiple planes in a given brain may have the same minimum CC area. However, since we postulate that all of these planes restrict the neural transmission similarly, the identification of any one of these planes results in satisfying our objectives for measuring the CC's structural health. We also note that the rate of CC degeneration may not be uniform for the whole CC and hence it is possible that the parameters defining the MCCAP may vary over time for the same patient.
Method

Overview and Definitions
We extract the MCCAP from a brain magnetic resonance imaging (MRI) volume by first defining an objective function that measures the cross-sectional area A cc of the CC in a given extracted plane. Then, using an iterative optimization procedure, A cc is minimized with respect to the set of plane parameters P ext (Fig. 1) . Using an ASL coordinate system, the parameters of P ext are the angles R x and R y (in degrees) between the plane normal vector and the grid axes in the anterior and superior directions, respectively, and the distance T z (mm) of the plane from the origin. The CC is segmented on every candidate plane by deformably registering a pre-segmented 2D template image from the same MRI volume to the extracted slice on the candidate plane. An alternative approach that one might suggest is to pre-segment the whole CC-bridge in 3D and find the plane with minimum CC area within the segmented volume. However, by using registration-based segmentation we avoid the complications of a full 3D segmentation, which is difficult to validate, even for anatomical experts. 2) The presegmented 2D template is registered (lower right) to the extracted slice through deformable registration.
Template Preparation
3) The displacement field from the registration step is applied to the segmentation of the 2D template to segment the CC on the extracted slice. CC on this slice. This central slice is positioned, either during acquisition or with post-processing, to align with the MSP. We hypothesize that most MSPs are spatially not very far from the MCCAP because the CC narrows from both sides toward the center of the brain and hence only a small spatial transformation is needed to reach the MCCAP from the MSP. In addition, we employ a multilevel optimization (Sec. 2.5) to further reduce the chances of converging onto a local minimum between the MSP and the MCCAP.
Deformable Registration-Based Segmentation
We nonlinearly register the presegmented 2D template to the extracted slice and apply the deformation field to the CC segmentation on the template to segment the CC on the extracted slice [17] . The area of the deformed CC on the template is taken to be the area of CC on the extracted slice. We use deformable registration using the discrete optimization (DROP) method [18] because it is initialization-free, does not require gradient calculations, and the Markov random field energy it adopts is optimized quickly using an efficient primal dual approach [19] . We use the sum of squared intensity differences as the similarity metric because the template and target come from the same scan.
Area Optimization
We minimize A cc with respect to P ext . During each iteration of the optimizer, ∂Acc ∂Tz , ∂Acc ∂Rx and ∂Acc ∂Ry are calculated using central differencing. A sequential quadratic programming method is employed for optimization. The optimizer updates an estimate of the Hessian of the Lagrangian at each iteration using the BFGS formula [20, 21] . We set the lower and upper search bounds empirically at −2.0
• and 2.0 • for R x and R y , and at −2.0 mm and 2.0 mm for T z . The bounds are in place largely for computational tractability, but they also ensure that the optimizer does not converge to a degenerate case in which a plane does not intersect with the CC bridge and has therefore zero CC area.
Multi-level Optimization
In addition to initializing with the MSP, to further decrease the possibility of converging to a local minimum of the MCCAP, we use a multi-level optimization scheme, where, in each step, the level of image smoothness is decreased and the optimization algorithm is initialized at the MCCAP parameters from the previous step. Smoothing is realized via 3D isotropic Gaussian filters with standard deviations: 10, 5, 3, 2, 1.8, 1.6, 1.4, . . . , 0.6, 0.4, and 0.2 mm (set empirically based on 3D visualizations of the variations in CC area over the entire search space, computed using brute force search in several sample MRI volumes). The size of each filter in each dimension is five times the standard deviation.
Results
We performed three experiments. In the first two experiments (Sec. 3.1 and Sec. 3.2), we used 3D T1 MRI brain scans of 20 normals from the internet brain segmentation repository (IBSR)(http://www.cma.mgh.harvard.edu/ibsr/). Each volume consists of 60 to 65 coronal slices, each of dimensions 256 × 256, and was positionally normalized using the midpoints of the decussations of the anterior and posterior commisures and the midsagittal plane at the level of posterior commisure as points of reference for rigid transformation [22] . The repositioned scans were then re-sliced into 3 mm thick coronal slices with 1 × 1 mm pixels. In the third experiment (Sec. 3.3), we used 3D T1 MRI axial brain volumes of 10 secondary progressive MS patients and 5 normals. Each dataset dimension is 256 × 256 × 160, with voxel size 1.17 × 1.17 × 1 mm. The MSP was extracted by an MRI technologist trained on the Philips Achieva 3.0 Tesla scanner by initiating a 3-plane localizer in the coronal, axial, and sagittal planes, using the interhemispheric fissure as the internal landmark, and correcting for ear to shoulder tilt on the coronal plane and right to left rotation on the axial plane. We use an MSP obtained by careful manual placement because it gives us greater confidence in accuracy than automatic MSP methods that would still have to be visually inspected.
Achievement of Global Minima
We show that the MCCAP area found by the proposed optimization method is generally very close to the ground truth. We performed a brute force (BF) search in the space of T z , R x and R y , with search resolution 0.1 mm, 0.1 • , and 0.1 • , respectively, and calculated the CC area on each slice to find the minimal CC area, up to the resolution of the search parameters. The upper and lower limits on P ext were set as in Sec. 2.4. We compared the CC areas on the MCCAP using our 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 optimization algorithm with single-(Sec. 2.4) and multi-level optimization (Sec. 2.5) with BF results. With BF considered as ground truth, the error is computed as: Normalized Error (%) = (Area MCCAP -Area BF ) / Area BF ×100% (Fig. 2) . In all cases except one, the minimum area from multi-level smoothing optimization is within 3.12% of the corresponding brute force result. In 7 cases, the minimum area from multi-level method is even smaller than brute force result due to the limited resolution of brute force search. The multi-level method produced a lower MCCAP area in comparison to the single-level in 85% of the cases (17 out of 20 subjects) by up to 26%. In the remaining 3 cases, the CC areas on the MCCAP found using the single-level optimization are slightly smaller (within 1.4%) than the multi-level counterpart, which may be due to the parameters of the multilevel smoothing resulting in over fitting of the optimizer at lower resolutions. This supports the assertion that the multi-level method yields results closer to the ground truth.
To investigate the uniqueness of the MCCAP, we compared the MCCAP parameters from the multi-level and brute force methods, and found that the parameters of the extracted planes can be substantially different (differences in T z = 0.5 ± 1.2 mm, R x = 0.51 ± 0.66
• , and R y = 0.65 ± 0.82 • ), even when their computed minimal areas are very close. This supports the intuition that the MCCAP is not necessarily unique for a given brain MRI volume.
Quantitative Results for Method Robustness
To evaluate the robustness of our method, we compared the CC areas on the MCCAP in all 20 subjects for different initializations with respect to a default initialization of T z = R x = R y = 0. The different initializations simulate minor variations in head position or slice angle, assuming some effort has been made to center the volume. Fig. 3 shows that our method is robust to a wide range of initializations and is likely to converge very closely to a global minimum. The variance in MCCAP areas in all initializations is less than 1.4%. Also note that comparing the mean error between the MCCAP and brute force (from section 3.1) which is 1.08% with the 9-10% reduction in Fig. 3 shows that we recover approximately 90% of area difference between MSP and brute force.
MCCAP vs. MSP in Multiple Sclerosis Patients
We compared the discriminatory value of the CC areas calculated using an MSP vs. the MCCAP in distinguishing between multiple sclerosis (MS) patients and healthy controls. The means and standard deviations of the CC areas computed using the MSP and two MCCAP optimization methods are shown in Fig. 4 . The multi-level smoothing optimization seems to be the best method at distinguishing the two groups. Note the larger separation of areas between the MS and normal groups using MCCAP multi-level optimization, as compared to the MSP. The area reduction for the normals (∼12%) is much lower than for the patients (∼50%), which we attribute to the true 3D shape differences between the groups. We quantified the advantage by computing the standardized mean differences between the normal and MS groups for MSP and MCCAP values using (Normal − MS)/ σ Normal 2 /n Normal + σ MS 2 /n MS , where σ is the standard deviation of each group and n is the sample size. If a method yields a bigger standardized mean difference, this suggests that it is better at distinguishing the two groups. The standardized mean difference for multi-level optimization is 10.51 which, compared to 7.97 for the MSP, is a 24% increase. Further, the p-values, associated with rejecting the hypothesis that the two populations come from the same distribution, show statistically significant differences between the normal and the MS subjects for all of the tested methods: p MSP = 1.94e-5, p MCCAP−single = 2.82e-6, p MCCAP−multi = 1.4e-7. These initial results are supportive of our hypothesis that the interhemispheric communication bottleneck is an important bio-marker for MS, and that the MCCAP is better motivated than MSP to measure this bottleneck.
Conclusion
The plane with minimum CC area is proposed for the first time as the plane for studying CC atrophy. This choice is based on the hypothesis that the MCCAP is the cross section that is most representative of the bottleneck of interhemispheric transmission. We have developed an accurate and largely automatic method that employs an optimization process for extraction of the MCCAP along with the simultaneous segmentation of the embedded CC. We have shown that our optimizer converges closely to the global optimum area and is robust with respect to initialization. Preliminary results demonstrate better class separation between MS patients and normal subjects when the areas from the MCCAP are compared to those from an MSP. Future work includes longitudinal studies with larger data sets and more rigorous statistical tests (e.g. not necessarily assuming a normal distribution) to assess the usefulness of the MCCAP in monitoring disease progression and response to therapy.
